Abstract: The more fluctuating renewable energy sources like solar and wind are integrated into the electric grid, the more it is desirable that conventional power plants actively contribute to compensating the fluctuations. For coal fired power plants, the response time of the coal mills is critical for the overall reaction time to changing demand. Model predictive control is a possible way to improve the dynamic response of coal mills. Moreover, dynamic models may be used to estimate unobserved process variables such as the particle size of the ground coal. Such information is valuable for optimizing the performance and minimizing the operation and maintenance costs of the pulverizers. A third benefit comes when using a combined model of an entire array of coal mills, in order to distribute the load in an optimal manner. In order to obtain models, we show a suitable nonlinear gray-box approach and demonstrate how parameters can be identified via least squares fitting.
INTRODUCTION
The performance of coal mills has a significant impact on the performance of coal-fired power stations: (1) the mills' dynamic responses are critical for the overall response of the generation unit to load changes, and (2) the grinding quality (particle size) directly impacts the combustion process, Fig. 1 . In a similar way to combustion optimization [Immonen et al., 2008] , a model predictive control (MPC) solution for coal mills can manipulate the distribution of coal load into individual pulverizers to maximize the output at a given time, while maintaining the produced pulverized fuel quality and temperature at desired values. An MPC based strategy can significantly improve the dynamic response of coal mills over traditional control schemes. Moreover, a joint optimization over all the mills of a generation unit serves to distribute the grinding load optimally to the individual mills, taking into account the maintenance state of each mill.
COAL MILL MODELING
The MPC controller for coal mills is based on a nonlinear physical model to describe the grinding, drying, and separation processes occurring in typical coal mill pulverizers. Similar models have been described by Fan and Rees [1994] , Zhou et al. [2000] and Niemczyk et al. [2009] .
Grinding: The grinding process is described by assuming a particle size classification with three bins namely (i) the raw feed size, (ii) the rejects size, and (iii) the pulverized fuel size. The maximum size for the pulverized fuel bin is considered to be 74 microns and the fuel quality is expressed as the percent of particles in this bin. Equations describing the grinding rate from raw feed to rejects and from rejects to pulverized fuel are used to calculate the particle size distribution on the grinding table. For those mills equipped with roller pressure control, dynamic adjustments can be made to the grinding rate parameters to accurately represent the grinding process.
One important feature of the nonlinear model here is saturation. It can be empirically observed and physically motivated that for low amounts of mill holdup, the production of fine particles increases with the holdup, while it saturates or even goes down when the mill fills up (clogging). This is the main saturating component of the mill model, but more parts of it empirically also show saturating behavior (or can be best explained with a saturating behavior at the relatively low physical fidelity that models used for control must have), for instance the increase of the pressure drop with increasing holdup. An example for this can be observed in Fig. 2 , at around time step 60. There the book chapter from which the data originates [Rees and Fan, 2003] indicates that a clogging occurs, hence the mill fills up. Simultaneously, the measured pressure drop (dashed cyan line) saturates.
Drying: An energy balance around the pulverizer provides the model for predicting the temperature of the pulverized fuel being delivered to the furnace and hence enables feed-forward adjustment of the primary air temperature. Correcting the model predictions by using actual temperature measurements (classifier temperature) enables the model to estimate the moisture content of the incoming raw coal feed. Separation: Momentum balance equations are used to determine the suspension and carryover of coal particles with primary air. The impact of classifier speed on the reject rate is determined by analyzing the corresponding changes in mill motor power consumption and the mill pressure drop. The resulting model is capable of representing both the passive (due to primary air lift) and active (due to centrifugal effects) particle size separation taking place in the mill. The resulting mathematical model is powerful for predicting the effect of multiple coal mill control variables such as primary air flow or coal feeder speed on the future behavior of coal mill outputs such as the pulverized fuel temperature, mill motor power consumption, and the mill pressure drop. Fig. 2 shows an example of measured mill pressure drop and unit load, compared to model results. Furthermore the model is capable of providing estimates for unmeasured coal mill outputs such as the pulverized fuel flow and fineness and the amount of pulverized fuel stored inside the mill. The final advantage of the mathematical model is its simplicity as seen from two important aspects. (1) The internal states of the model are few enough for utilization in real-time control and optimization applications and (2) the number of parameters are limited to a small set, which can be estimated automatically from historical ramp-up and ramp-down data. In addition to real-time control applications it is also possible to use the coal mill model for performance monitoring and fault detection applications. The main performance indicator will be the level of wear in the grinding elements which will show up as a degradation in the grinding rate parameters. Potential faults that can be detected includes plugging in the feed system due to excessive moisture and mill chocking due to capacity restrictions.
PARAMETER AND STATE ESTIMATION
In order to estimate both the parameters of the coal mill model and the unmeasured internal states of the system such as fineness and pulverized fuel flow, an optimization based technique known as Moving Horizon Estimation (MHE) is used. In this technique, similar to MPC, a moving window of past plant data is used in a recursive manner to minimize the difference between the model predictions and the measurements. In order to estimate the model parameters, the window of past data is kept long ( 1h) and the exercise is carried out at the model identification stage of commissioning. Later, this is repeated as necessary, either over long intervals to track the slow varying effects on parameters such as wear of the grinding elements, or over shorter intervals, to track the faster varying parameters such as raw coal moisture content. For state estimation, the parameter values are assumed to be constant over a shorter time window ( 5') and the same algorithm is used. Fig. 2 shows the results of an MHE parameter fitting to data taken from literature [Rees and Fan, 2003] . In this case, over a horizon of roughly 3h we estimate all the mass states (no temperature information is given for this data set) plus the following parameters: the relevant coefficients for mill power and pressure drop depending on the holdup of the different particle sizes and the air flow and the saturation characteristics of the grinding and the pressure drop. This gives a total of about 10 parameters. With a shorter estimation horizon and less variation on the operating conditions, it may be not possible to estimate all of these parameters in a reliable way.
COORDINATED PULVERIZER CONTROL
The application of MPC to coal mills can be considered in two different levels of complexity. The first level comprises the control tasks related to the operation of individual coal mills. A typical control strategy for a coal mill is based on receiving a coal feeder reference. The control loop for the coal feeder is used to track this reference while feedback and feed-forward loops are used to maintain the primary air flow according to the mill load line, as well as the dynamic classifier speed in case it is available. In a parallel arrangement the mill outlet temperature is maintained by adjusting the relative positions of the hot and cold air dampers. At this control level it is possible to replace all these control loops by a single MPC controller, or integrate an MPC block to adjust the bias values to all loops in real- Fig. 3 . Functional representation of the coal mill MPC controller time (Fig. 3) . In the next section, we show a corresponding example.
In a higher level of complexity an MPC application can be used to coordinate the individual pulverizers in a coal mill. More specifically, instead of the mill master controller the MPC controller generates the individual pulverizer references to ensure the total pulverized fuel demand of the boiler is satisfied. Typical coal mill control strategies divide the total coal demand equally over every available pulverizer. The MPC coordinated control solution monitors the individual state of the pulverizers and adjusts the coal feed set points accordingly. Using this additional degree of freedom enables better performing pulverizers to take over a larger load eventually pushing the actual capacity of the coal mill to a higher level. Moreover, the unique advantage of this control strategy is the possibility to keep the pressure drop in the pulverizers under control by shifting the load temporarily from one pulverizer to another with lower pressure drop. These two MPC options do not exclude each other and can be combined to achieve a superior performance. Fig. 4 shows an example of coordinated control of three mills. Initially, the feed is evenly distributed over the three mills. However, the second mill has a worse maintenance state, which can be seen from the higher pressure drop. At some time (roughly 5 sampling steps back in time), there is an increased coal demand. Because now, increasing the load evenly would cause the pressure drop on mill 2 to go too high, the controller assigns more load to mills 1 and 3. Eventually, the pressure drop values will even be almost equal, while the load is unevenly distributed.
CONTROL OF AN INDIVIDUAL MILL
In Fig. 5 we show a brief comparison of the control performance of the MPC controller vs. classic PID controls for an individual mill. One can observe that in this instance, the MPC controller is able to control pulverized fuel quality (fineness), e.g. achieving the set point of 75% coal fineness of 74 microns (or less). The PID controller cannot achieve this. Moreover, the MPC controls the mill outlet temperature in a tighter way than PID. Finally, the 
IMPLEMENTATION
The modeling and optimization based approach discussed here can be implemented in any environment capable of dynamic nonlinear optimization, e.g. on the open source environment Optimica [Akesson, 2008] . We have tested implementations on the ABB Dynamic Optimization System Extension for the 800xA Control System [Franke et al., 2008] and on the ABB cmpPlus Expert Optimizer [Stadler et al., 2009 .
SUMMARY
The overall benefits of the MPC controller for coal mills/pulverizers are:
• Improved availability by optimal allocation of the coal load among the available pulverizers. This brings out the possibility to temporarily shift a portion of the load from one pulverizer to another in order to ride through transient disturbances such as mill inlet chocking or increased pressure drop instead of waiting for the problematic pulverizer to fall into runback mode. Use of this additional degree of freedom allows the mill pressure drop to become a closed loop controlled variable to a certain extent and avoids cascaded mill trips. • Increased efficiency by maintaining adequate fuel fineness and by optimization of primary air temperature, either to maximize pulverizer drying capacity or to maximize the combustion efficiency. Higher combustion efficiency means, less fuel is required for the same thermal output. Moreover it is argued that finer coal particles burn rapidly in the reducing zone of the flame, limiting the amount of NOx produced in the oxidizing zones. The second impact, through optimized primary air temperature, is realized by combining feedback and feedforward actions of the MPC controller using the model predictions. The extent of efficiency improvement in this case is higher for those plants using coal with a high degree of moisture content variability.
• Improved plant agility (better responsiveness): historically the main drive for MPC solutions came from the requirement to better control multivariable dynamic processes under constraints, with the emphasis being on the dynamics and the use of dynamic process models. This advantage will also be revealed during transients, where the algorithm will optimally select the future values for the manipulated variables by predicting and repeatedly correcting the future process variables. As a simple example, which is also practiced by experienced power plant operators, the MPC mill controller can accurately determine the stored pulverized fuel in the mill holdup, and calculate a reduction in the classifier revolutions to get a temporary but immediate boost in pulverized fuel output in a completely automated way.
